In corporations, accurate planning should be applied to manage the in-service training task within an optimum time period and without hindering the working tempo of the employees. For this reason, it is better to consider the curriculum planning task as a timetabling problem. However, when the timetables are prepared manually, it may turn out to be a complicated and time-consuming problem. In this study, it is aimed to evaluate the results of software introduced previously, which seeks to find a solution to the curriculum planning problem of in-service training programs in corporations using a rule-based genetic algorithm (GA). The input data of the GA is the prerequisite rule set of the modules of the training program, where these rules are used for the fitness function of the system. The results are compared with the suggestion of an expert trainer using a nonparametric correlation test, and the best parameter combination of the GA giving the most similar result to that of the expert's is determined. According to the tests, the results gathered are considered to be 97% reliable when compared with the suggested module range.
Introduction
A scientific study has to be compared with other studies in the literature and numerical results must be evaluated statistically in order to be accepted as valid scientific research. By doing so, the scientific value of the study can be determined. For this reason, statistical analysis plays a great role in evaluating scientific research. Statistical approaches are used to detect the consistencies and inconsistencies between the results obtained manually and the results obtained with software in artificial intelligence applications.
Some parametrical tests are used to understand the accuracy of the results of the software when compared with that of the expected results. However, parametric tests are not suitable for the cases in which the numerical values of the results do not have importance. In some cases, the consistency of the sequence of the elements in a result set must be evaluated. Under these circumstances, nonparametric tests are applied. For instance, in the optimization of education plans or timetabling problems, the sequence of the parts of the solution should be considered. Today, timetabling is done by computer programs to find the most effective solution, because preparing a timetable manually is a rather difficult task. There have been many studies performed concerning this area [1] [2] [3] . The most popular techniques used to solve timetabling problems are evolutionary computing (EC) and constraint programming. Genetic algorithms (GAs) and the tabu search algorithm are good examples of EC techniques [4] . * Correspondence: doktem@hotmail.com
The GA is an evolutionary algorithm that was first introduced in the 1970s by Holland [5] and then improved by Goldberg [6] . The GA seeks solutions to optimization problems by drawing inspiration from the reproduction and selection mechanisms of nature. Since the algorithm is able to work on more than one possible solution at a time, it reaches the optimum solution more rapidly. For this reason, the GA is accepted as a popular technique in solving timetabling problems [7, 8] .
When seeking solutions to timetabling problems, expert systems (ESs) are also used in cooperation with the GA. An ES is software that behaves as a human expert that uses its own decision-making and inference engine mechanisms [9] . Medical diagnosis, decision support systems, chemical process control, and education are some of the areas in which ESs are frequently applied [10] . There also exist some areas in which different artificial intelligence techniques like ES and GA are used together. Product design [11] , cost management [12] , unmanned aerial vehicles [13] , decision-making tools in fashion [14] , and optimization problems [15, 16] are some of the application areas accordingly.
In educational corporations, tasks like curriculum planning, which is quite difficult to perform manually, are handled by software that offer solutions using artificial intelligence techniques. Although using software can enable one to find a solution more quickly, the reliability of the results must also be proven.
In this study, a comparison is made between software solving curriculum planning problems with the aforementioned rule-based GA [17] and a manual curriculum plan. To compare the system output curriculum plan with the expert's suggested curriculum plan, the Spearman rank correlation test is applied. The Spearman correlation test is used to prove the reliability of decision support systems [18] and in solving optimization problems with GAs [19] .
The contribution of the study to the literature is the application of a nonparametric correlation test to compare the results of software that prepares a curriculum plan with a rule-based GA with the expert's suggestion and then evaluate the reliability of the software results. The test data of the system comprise the in-service training material of a software company.
The data resulting from the tests found the system output to be 97% reliable against the expert's suggestion. The system performs well in cases where the data to be sequenced in the curriculum are tightly attached to each other with some prerequisite rules. Parameter tuning for the GA is also performed during the study and the parameter combination giving the most reliable result is accepted as the best parameter combination in these circumstances.
The layout of the paper is as follows: Section 2 includes the problem definition and the solution analysis, whereas Section 3 discusses the system output and the comparison with the expert suggestion. The results and discussion concerning the evaluation results appear in Section 4.
Materials and methods

Description of the educational data
The educational data used in the study comprise the in-service training material of a software company. With this system, solutions are generated for cases where not all of the educational material is included, but some particular parts are selected. These selected parts are determined by the users of the system (instructors). The steps of the problem definition are given below:
• Educational material is divided into parts including different lessons. Each part is called a module.
• The modules are related to each other with some prerequisite rules. When module i has module j as its prerequisite, it means that to get module i, the trainee should pass module j successfully. The module durations and the prerequisite rules, which are transformed to a sparse matrix from the logical representation among the modules should be given to the system as input data.
• The instructor decides the modules to be included in the training according to the modules that are selected by the trainees to be repeated, and these modules are included in the system via a user interface.
In Figure 1 , the user interface, in which the trainees and chosen modules for the trainees are shown, is given. • The random sequence of the modules forms the first individual of the GA. The initial population is generated randomly using the first individual.
• When the software is executed with different combinations of GA parameters (crossover rate, mutation rate, number of individuals, generation), the best module ranges for each parameter combination are obtained.
• The results are compared with the expert's suggestions using a nonparametric correlation test.
• For each parameter combination, the best module ranges and the number of reliable ranges are determined.
System workflow
The workflow of the system is shown in Figure 2 . According to the plan, when the GA is executed for different parameter combinations and crossover techniques, each combination is applied 20 times and the best module ranges and the number of reliable ranges are obtained. Another important factor is detecting the parameter combination giving the highest number of reliable ranges. The number of prerequisite rules among the modules is one of the factors affecting the reliability of the sequencing process when compared with the expert's suggestions. The prerequisite rules of the modules reside in an XML file and are included in the system, and the fitness function of the GA uses the rules of the modules by parsing the XML file. Figure 3 shows an example of the XML file, including the prerequisite rules. This project has been developed using the Microsoft Visual Studio 2008 platform with Microsoft Visual C# 2008 programming language. The Microsoft SQL Server 2008 is used to manage the database tasks of the system. The tests are performed with an Intel Core i7 2630QM 2.00-GHz/8-GB computer. In Figure 4 , the graphical user interface (GUI) of the test environment is given. In the user interface, the user can select the name of the course to be organized. The boxes' CX type and MX type are used to choose the crossover and mutation methods in the GA. They are disabled in Figure 4 because the program is automated to be run for all crossover and mutation types. When the button 'Start GA' is pushed, the best module range is displayed in module numbers and module names. The number of the best scenario and the rho and t values are also displayed. The total runtime is displayed in milliseconds. '# of Hours' and '# of Days' show the calculated period for the training in both hours and days. When the button 'Excel' is pushed, all of the data about the runtimes, fitness values, module ranges, and rho and t values are saved in Excel files. 
GA features
The GA features used in the software are given below:
• Chromosome encoding: Permutation encoding is used.
• Initial population: Formed by sequencing the modules randomly n times for a population of n individuals.
• Crossover operator: 1-point order crossover, 2-point crossover, and choosing 1-point order and 2-point crossover techniques randomly [20] .
• Mutation operator: Swap mutation, in which 2 module numbers are swapped in the same chromosome.
• Selection operator: Linear rank selection [21] , which makes the selection of the individuals according to the fitness function values.
• Elitism: 10% of the population having the best fitness function values is transferred to the next generation directly.
• Fitness function: Calculates the fitness values for each individual, as given in Eq. (1).
where m is the number of modules in a chromosome, pc is the amount of prerequisite modules in the chromosome for the i th module, and pqc is the total number of prerequisite modules of the i th module. A penalty score is calculated for each individual. The individual having the lower penalty point has a better fitness value and, correspondingly, the individual with a better fitness value has a greater chance of transferring its genetic material to the next generation. The fitness function of the software is given in Figure 5 . While calculating the penalty point for each individual according to the prerequisites of the modules on the chromosome, lower penalty points show that the fitness value of the individual is higher. Having a higher fitness value means that the individual is more suitable as the solution of the problem. Here, the GA is run for 48 different parameter combinations. These combinations are shown in Tables 1 and 2 (S1-S48). For each scenario, the software is run 20 times for 4 different population sizes, 4 different generation values, 3 different crossover rates, and 2 different mutation rates. By running the software 20 times to get an average value of the runtimes and fitnesses as the authors in [22] did, 1920 different module ranges (solutions) are obtained. All of these solutions are included in the evaluation process without eliminating any of them manually. The parameter combination, which gives the most reliable module range, is accepted as the most appropriate combination to be used in sequencing problems concerning curriculum planning. 
Spearman rank correlation
When a study is performed, it is important to demonstrate the reliability of the results to verify that the study has scientific value. A statistical analysis is used in such cases to convince people of the trustworthiness of the results. When the GA is run with the given features and parameters, n module ranges for n individuals of the population are obtained as follows: The reliability of the ranges must be tested by comparing them with a range given by an expert (the instructor of the modules of the course). It is only possible to make any judgments about the ranges after applying these tests. The test to be applied for this purpose is the Spearman rank correlation, which is a nonparametric test used in statistical analysis. It is used in cases where testing the reliability of the range of data is more important than the numerical values of the data [23] . With Eq. (2), the ρ values are calculated first to apply the Spearman rank correlation test.
Here, ρ indicates the Spearman rank correlation coefficient, d i indicates the difference between the expected and observed rank values, and n is the number of alternatives (observations). The number of observations is 17 in the study, since 17 modules are chosen to be ranged. The hypothesis is set as given below:
There is no correlation between the 2 ranges.
H 1 : There is a correlation between the 2 ranges.
Using ρ values, t values are calculated with Eq. (3).
For each parameter combination, 20 t values are calculated, because 20 different module ranges are obtained with each single parameter combination by executing the software 20 times. After calculating the t values, these are compared with the critical values of the t table [24] . The t value used for comparison is 2.947.
If the t value of a range calculated with Eq. (3) is greater than 2.947, then hypothesis H 0 can be rejected and it can be said that the range is reliable. To complete the evaluation process, aside from finding the best module range, we need to identify the best parameter combination giving the maximum number of reliable module ranges.
Findings
The resulting set containing the module ranges is written in an MS Excel file and the file is parsed and read by Curriculum Organizer software to carry out the evaluation process. With the software, the ρ and t values are calculated. It is implemented in the MS Visual Studio 2008 environment with C# and is able to work on MS Excel 2007 files. The calculated ρ and t values are saved in another MS Excel file. They assess the reliability of the ranges; the t values are tested according to the criteria given in Table 3 . The reliability of the module ranges is evaluated with a tolerance percentage of 1% (P < 0.01). According to the hypothesis, to be able to understand whether there is a correlation between the output and the expert's suggestion, the t values must be compared with the value of 2.947. In Tables 4a, 4b , and 4c, the t values of the module ranges obtained with GA1 for some of the scenarios (100, 500, and 1000 generations and 100 individuals) given in Table 2 , executed 20 times each, are shown. The t values that are greater than the t value in the t table indicate the reliable module range according to the expert's suggestions and are highlighted in Tables 4a, 4b , and 4c. Figure 6 shows the number of reliable module ranges for each scenario. GA1-S17 gives the highest number of reliable module ranges. To find the number of reliable module ranges, the ranges having t values greater than 2.947 are counted. Out of 20 individuals, 13 are accepted as reliable for this particular scenario. The population having 100 individuals gives the biggest number of reliable ranges, with 1000 generations and 0.9 crossover and 0.2 mutation rates for S17.
The highest t values for all of the scenarios are compared and the most reliable module range is detected as 89% reliable in S15. The calculation of the ρ value given in Eq. (2) also gives the reliability percentage for the module ranges.
In our previous study, it was concluded that the results of the tests when a 2-point crossover operator is used give better results in terms of the runtime and fitness values [17] . Accordingly, the number of reliable module ranges found in tests with a 2-point crossover operator is higher than the number of reliable module ranges with a 1-point order crossover operator. The t values for some of the scenarios with a 2-point crossover (GA2) are given in Tables 5a, 5b, and 5c. Figure 6 indicates the reliable module range numbers for these scenarios. The highest t values for all of the scenarios of GA2 are compared and the most reliable module range is detected as 97% reliable (Eq. (2)) in S16. The number of reliable module ranges is much higher than the ones in GA1, except for S19.
The expert suggestion and the most reliable module ranges obtained within the GA1 and GA2 tests are given in Table 6 . The same modules in the expert's range and GA2's range show that the range obtained with GA2 is more reliable than that with GA1 and is more similar to the expert's suggestion, as can be seen from the percentages. For this reason, having the same module numbers in the same position is not a coincidence. Table 4 . a) GA1: t values for some of the scenarios (S1-S6).
GA1-S1
GA1-S2 GA1-S3 GA1-S4 GA1-S5 Table 4 . b) GA1: t values for some of the scenarios (S13-S18).
GA1-S13 GA1-S14 GA1-S15 GA1-S16 GA1-S17 GA1-S18 Table 4 . c) GA1: t values for some of the scenarios (S19-S24).
GA1-S19 GA1-S20  GA1-S21  GA1-S22  GA1-S23  GA1- 25 S1 S2 S3 S4 S5 S6 S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24
Number of modules (Scenarios) GA1 GA2 Figure 6 . Reliable module range amounts for GA1 and GA2. Table 6 . Best module ranges.
Expert GA1-S15 GA2-S16 Reliability 89% 97%  1  1  4  4  4  1  6  8  8  8  9  9  9  10  6  10  6  10  13  14  14  14  23  13  15  13  16  16  15  15  20  16  20  23  38  26  26  20  29  29  35  23  32  29  32  35  26  38  38  32  35   0  1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16 The reliability findings of GA1 and GA2 are also supported by the runtime and fitness value comparisons of GA1 and GA2. When compared with the scenarios in which 1-point order crossover is used, the runtime results are better for the executions of the scenarios in which 2-point crossover is used. Accordingly, the fitness values of the GA2 scenarios are better than those of the GA1 scenarios.
The runtime values of GA1 and GA2 for the same scenarios are given in Figures 9a, 9b , and 9c. . a) Runtimes (S1-S6), b) Runtimes (S13-S18), c) Runtimes (S19-S24).
The fitness values of GA1 and GA2 for the same scenarios are given in Figures 10a, 10b , and 10c. 
Results and conclusion
It is very important to verify that a study stands as a reliable one among all other scientific research in the relevant field of literature. In this study, the output of the software is compared with the solution suggested by a human to decide about the curriculum planning system's reliability. For this reason, all of the results obtained in the study with all of the scenarios and genetic operators are accepted as the best solutions at the beginning of the evaluation process and the Spearman rank correlation test is applied to all of them.
The Spearman test is a nonparametric statistical analysis method, which is used in cases where 2 data sets have to be observed with regard to their sequences. With this test, the module ranges similar to the range of the expert's suggestions and the number of reliable module ranges for each scenario are retained. At the end of the tests, it is found that 167 out of 360 ranges are reliable for GA1 scenarios, whereas 340 out of 360 are reliable for GA2 scenarios.
The results of the study should also be evaluated in terms of the GA features. For example, the result set of a GA is important to observe in order to evaluate the diversity of the last population. Although the fitness value converges to maximum more rapidly in the scenarios of 1000 generations, the diversity for these results are better than the ones executed for 500 generations. In scenarios of 500 generations, the last population includes 7-9 different individuals. However, the scenarios executed for 1000 generations contain 11-14 different individuals.
Generally, keeping the crossover rates higher gives better results (0.9) both in 1-point order and 2-point crossover operators. The mutation rates are extremely high in this study when compared with similar studies in the literature, although the preliminary tests of the study indicate that lower mutation rates do not give better results in this kind of sequencing problem.
The results suggest that the rule-based GA developed in this study can be used as a reliable system to optimize a curriculum sequence having tight prerequisite rules among the sections of educational material.
